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Missing data arise in clinical research datasets for reasons ranging from incomplete electronic health
records to incorrect trial data collection. This has an adverse effect on analysis performed with the data,
but it can also affect the management of a clinical trial itself. We propose two graphical visualization
schemes to aid in managing the completeness of a clinical research dataset: the binary completeness grid
(BCG) for single patient observation, and the gradient completeness grid (GCG) for an entire dataset. We
use these tools to manage three clinical trials. Two are ongoing observational trials, while the other is a
cohort study that is complete. The completeness grids revealed unexpected patterns in our data and
enabled us to identify records that should have been purged and identify missing follow-up data from
sets of observations thought to be complete. Binary and gradient completeness grids provide a rapid, con-
venient way to visualize missing data in clinical datasets.
 2015 Elsevier Inc. All rights reserved.1. Introduction
The initial product of a clinical trial is the dataset collected dur-
ing its execution. Missing data in such a dataset complicates the
statistical analysis process. In fact, missing data may preclude cer-
tain types of analysis because there is not enough data to analyze;
in the extreme case, the entire dataset may not be useful. However,
discovering that data are incomplete after the data collection per-
iod is often not sufﬁcient, particularly in the case of a study in
which follow ups at various time points are collected. Therefore,
managing missing data during the execution of a clinical trial is a
critical aspect of the clinical trial process.
Data for medical research studies, such as retrospective chart
reviews or prospective randomized clinical trials (RCT), are typically
collected using paper or electronic case report forms (CRFs) [1]. An
investigator, or a designee, examines the electronic health record
(EHR) or paper chart for data required by the study, and then trans-
fers these data to a CRF by hand or by retyping it into an electronic
system. In the case of a study in which follow ups are required, the
process usually involves the investigator contacting the subject bytelephone or through a follow up clinical visit to collect further data
on their condition and progress.
Study data collection policies and practices and differences in
electronic health records systems (EHRs) have the most effect on
the quality of data collected for a clinical trial. First, if data are
missing or not captured in the EHR, it will also be missing in the
CRF and subsequently the study database. Moreover, data required
for a clinical trial is often stored as unstructured free text in an
EHR; data collection personnel are required to locate these data,
which are often located in clinician’s notes, which may necessitate
a clinician’s experience to successfully parse. Furthermore, in a
facility still using paper charts, potential legibility problems may
interfere with transcribing data to the CRF that, in turn, leads to
missing data in the study database.
Outside of the EHR, typographical errors and misunderstanding
of data entry policy by those entering data may also lead to data
quality issues. Several preventative measures can be used to
address these problems including: documenting the data collection
process (e.g. manual of operations), training data collection staff on
proper data collection procedures, performing double-data entry,
fostering frequent communication between investigators and data
collectors regarding potential data issues, and using monitoring
reports to track the state of the dataset [2].
The data quality literature frequently categorizes missing data
as ‘‘completeness’’, a characteristic of the Contextual Information
Fig. 1. Clinical study workﬂow using completeness grid for visualization. After data has been collected, completeness grids can be created which inform the processes of plan
study, data collection, and database organization.
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‘‘the extent to which data are not missing’’ [7]. The statistical anal-
ysis literature is replete with warnings about the effects of missing
data on research results, as well as approaches to mitigate the
problems it causes [8–11]. The two most signiﬁcant issues with
missing data are that they can introduce bias into the statistical
results and they reduce the power of the study. Common tech-
niques for handling missing data include complete case analysis,
analysis of observations available, using data imputation to ‘‘ﬁll-
in’’ data with statistical methods, and intent to treat [12].
Missing data can be more effectively recognized using data
visualization techniques. Data visualization is a means of repre-
senting data in a graphical form allowing the recognition of details
and patterns that might otherwise remain obscure. Ways to repre-
sent data while taking into account missing or incomplete datasets
is an active area of research in data visualization and data quality.
Many visualization methods for missing data depend on knowing
the uncertainty associated with data [13]. Different types of visual
attributes, like color hue and texture can be used in a dataset visu-
alization to draw attention to uncertainty values [14,15]. However,
in the case of many sparse datasets, missing data is the norm, and
estimation and imputation should be avoided in favor of alerting
the viewer as to which data ﬁelds are empty [16].
There are also many statistical software packages for visualizing
and interacting with missing data. Missing Are Now Equally Trea-
ted (MANET), XGobi, GGobi and Mondrian, were all designed to
allow users to explore and visualize data and missing data [17–
19]. The R programming language contains many packages andfunctions for data analysis and visualization, and the VIM package
has been designed speciﬁcally to facilitate the analysis and interac-
tive exploration of missing data [20].
One drawback of previous missing data visualizations is their
interdependence with complex data analysis. Many stakeholders
in the clinical data collection process are interested in quickly
and easily viewing the completeness of a dataset, but do not have
the background to engage in complex analysis. To facilitate this we
have developed two visualization methods, the binary complete-
ness grid and the gradient completeness grid, tools for clinical trial
data managers to monitor and evaluate missing data and effec-
tively visualize large two-dimensional datasets like those collected
for clinical trials.
Fig. 1 shows a typical workﬂow for using completeness grids. As
data is collected for a study and entered into a database, the entire
dataset or subsets can be exported in an easy-to-process format
such as a comma-separated value (csv) ﬁle. Completeness grids
can then be generated providing a visual representation of the
completeness of the dataset. Using this information, data monitors
can investigate unexpected patterns and resolve potential prob-
lems with the database or data collection methodology.
2. Materials and methods
2.1. Completeness grids
Completeness grids account for the visualization needs of indi-
vidual users in a clinical study. Investigators are generally involved
Fig. 2. Schematic for Binary Completeness Grid representing an observation for one
patient. Each data entry is represented by a square data symbol seen in (a). The
dataset has 692 variables and each row in the BCG has 27 data symbols to ﬁt the
data into the nearest square representation. Every ﬁfth row is labeled with the
variable number of the data symbol at the beginning of the row (b). Grids are
padded with black data symbols if necessary to make them square (c).
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of data collected for a study. They should be able to use the
visualizations to stay current on study progress, and show issues
involving data completeness at organizational meetings. TrialFig. 3. Left: visualization of an entire dataset with 325 rows and 692 columns. Right: Bina
present is shaded darkly, while an empty ﬁeld is shaded white. Gradient completeness g
completeness.statisticians and data managers need a more speciﬁc view of data
from the visualization. They need to be able to use the visualization
to recognize interesting patterns, but also be able to quickly inves-
tigate those patterns. These types of activities utilize visual percep-
tual processes that support cognitive tasks such as identiﬁcation
and discrimination [21]. Both types of users need to be able to dis-
criminate differences between groups of data entries within a
dataset and identify the reasons for the differences.
Two completeness grid algorithms facilitate the necessary visu-
alizations: the binary completeness grid (BCG) and the gradient
completeness grid (GCG). The binary completeness grid is based
on a simple missing data schematic often referred to as a shadow
matrix [22,23]. This matrix has a one-to-one correspondence with
the dataset, and a value of 1 in a position where data are present in
that dataset and a value of 0 where data are not present. Visually,
this is better represented with graphics, where color or shading
differences indicate the presence of data. We call the visual repre-
sentation for each data point a data symbol, which is a square
arrangement of pixels representing a single entry from the dataset.
These representations are adequate for small datasets but a grid of
data symbols with thousands of rows or columns would be very
large, and require constant scrolling to explore. Comparing two
datasets this way would also be difﬁcult due to the constant
changes in visual context. Keeping information representations in
as compact a space as possible is an important feature of effective
visualizations; perception is more efﬁcient and enables the eye to
process relevant information with fewer movements [24]. We
achieve this in the binary completeness grid by wrapping the data
symbols for a single observation (i.e., an entire row in a traditional
data matrix), much the way a word processor wraps text to con-
form to a certain margin width. The most visually compact form
for this grid is a square, and so the ideal row length r of a binary
completeness grid will always be roughly the square root of the
number of variables v in the dataset rounded up. Thus r ¼ ﬃﬃﬃvp .
Fig. 2 shows a typical BCG for an observation in a dataset.ry completeness grids (BCG) are created for each observation where a ﬁeld with data
rid (GCG) portrays the entire dataset where darker shades represent higher levels of
Table 1
Datasets used to generate completeness grids.
Dataset Number of patient
observations
Number of
variables
Total number of data
entries
DS1 1281 1019 1,305,339
DS2 325 692 224,900
DS3 280 2733 765,240
Table 2
Number of completeness grids generated per dataset.
Dataset Binary completeness grids Gradient completeness grids
DS1 1281 10
DS2 325 16
DS3 280 1
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based on the shading matrix a precursor to the cluster heat map, a
well-known data visualization technique for displaying hierarchical
cluster data [25]. Shading matrices consist of square or rectangular
grids of rows and columnswith the individual cells of a grid colored
to represent somequantity or value. One of the earliest known shad-
ingmatrices was designed by Loua in 1873 to summarize social sta-
tistics for the city of Paris [26]. Like the binary completeness grid,
the gradient completeness grid is wrapped to conform to a square
shape based on the number of variables in the dataset. Each square
data symbol represents a variable in the dataset and is shaded
according to the percentage of completeness across all observations.
While any color could be chosen for 100% completeness, dark colors
provide the best gradients and a dark blue was used for the gener-
ated data sets. A completeness of 0% is represented by white just
as white represents missing data in the BCGs. The color for 100%
completeness or full completeness will have color Fwith color com-
ponents of Fred; Fgreen; and Fblue. The gradient color G(v) for a graph-
ical element representing a variable vwill be a percentage of the full
color F corresponding to the completeness of the variable v so
GðvÞred ¼ completenessðvÞ  Fred;GðvÞgreen ¼ completenessðvÞ  Fgreen
and GðvÞblue ¼ completenessðvÞ  Fblue.
Fig. 3 illustrates how a dataset is used to generate binary and
gradient completeness grids. On the left a dataset with 325 rows
and 692 columns is rendered without any wrapping and with a
data symbol that is one pixel in size. On the right each binary com-
pleteness grid contributes to the gradient completeness grid that
depicts the entire dataset in a more convenient size.Fig. 4. Web-application for generating completeness grids. Default dataset is from a pro
Pneumonia. User can upload any csv ﬁle to visualize the data completeness. Hovering th
element.2.2. Clinical trial datasets
Our visualization tool was used to manage three pre-publication
clinical research datasets. The ﬁrst dataset (DS1)was fromour Rapid
Empiric TreatmentwithOseltamivir Study (NCT01248715), amulti-
center prospective, randomized, unblinded clinical study of hospi-
talized patients with acute lower respiratory tract infections admit-
ted to one of nine hospitals in Jefferson County, Kentucky. The study,
which was conducted from December 1 to May 1 for inﬂuenza sea-
sons 2010–2011, 2011–2012, and 2012–2013was designed to com-
pare outcomes between hospitalized adult patients with inﬂuenza
community-acquired pneumonia whowere administered Oseltam-
ivir within 8–12 h of hospital admission versus patients who were
administered standard of care empiric treatment. This study col-
lected demographic,microbiologicworkup,medication administra-
tion and outcome data on over 1200 subjects. Patients provided
written consent for the inclusion of their data in the study.
The second dataset (DS2) was from data collected for a retro-
spective, observational study of female HIV patients followed at
the University of Louisville 550 Clinic, formerly WINGS, from Janu-
ary 2000 to December 2012. This clinic has been serving HIV posi-
tive patients since 1999 and currently has over 1600 patients
enrolled in care with nearly 350 of these being female. This study
collected demographic, disease progression, comorbidity, and out-
comes data.
The last dataset (DS3) was from the Bone and Joint International
Organization osteomyelitis database, which has been used for
numerous retrospective observational studies on bone and joint
infections. The dataset contains almost 300 subjects with various
diabetic foot, prosthetic joint, or septic joint infections and
includes demographics, microbiological workup, thirty day, six
month, and one-year outcomes. The number of observations, vari-
ables and total number of entries for each these datasets are shown
in Table 1.
2.3. Completeness grid generation
For each dataset, a binary completeness grid was generated for
every observation, as well as a gradient completeness grid that
summarized the entire dataset. Since gradient completeness grids
operate on any set of 2-dimensional data, subsets of a dataset
can be visualized to ascertain the differences in completeness lev-
els for different stratiﬁcations such as institution or personnel. The
DS1 dataset was partitioned into 9 subsets for each of the partici-
pating centers in the study and GCGs were generated for each cen-spective observational study of 40 hospitalized patients with Community-Acquired
e mouse over any data symbol in the grid shows the data value associated with that
Fig. 5. Binary completeness grids for three patient observations in the DS1 dataset. The circled regions in (a) and (b) show the major differences that were found and
investigated. In (a) all follow-up data for the patient has been collected. In (b) follow-up data has yet to be collected. In (c) the majority of data is missing from the record.
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responsible for entering the record into the database, and GCGs
were generated for each of the 15 subsets. The algorithm for gen-
erating the completeness grids was implemented in the Python
programming language. A total of 1913 completeness grids were
generated from the three datasets. Table 2 summarizes these by
dataset and grid type.
2.4. Web-application
A web application was also developed that enables a user to
view a completeness grid for an input dataset in csv ﬁle format
[27]. Several JavaScript graphical libraries are available for creating
rich data visualizations. We chose the D3.js library to power our
visualizations since it provided the best balance between perfor-
mance and ﬂexibility. It is also optimized to support querying large
data collections [28]. The sample dataset provided with the web
application is from a prospective observational study of 40 hospi-
talized patients with Community-Acquired Pneumonia as seen in
Fig. 4. The application shows a binary completeness grid for indi-
vidual observations on the left and a gradient completeness grid
for the entire dataset on the right.Fig. 6. Gradient Completeness Grids (GCG) for the three datasets, DS1, DS2, and DS3. The
20% and 50% complete respectively. In DS3 the starred bracket highlights a repeating stThe web application provides additional information to the
viewer due to the interactive nature of JavaScript supported in
modern web browsers. For the binary completeness grid, the user
can hover over an individual visual element representing a data
entry and a tooltip will appear. The tooltip contains the name of
the ﬁeld, and the content of the data in the ﬁeld, if it is present.
Hovering over a visual element in the GCG shows the name of
the ﬁeld and the percentage of missing data for that ﬁeld across
all observations. This interactivity provides a valuable way for
users to orient themselves in relation to a dataset. Upon seeing a
potential pattern the user is able to investigate the ﬁelds corre-
sponding to missing data without changing their visual context,
which a traditional matrix layout would not allow.
3. Results
An informal cognitive task assessment with the completeness
grids showed distinct differences in the way the grids were used.
Users included one principal investigator, three data managers
and one statistician. Each generated a visualization graphic from
a dataset and used it prior to and during organizational meetings.
They also provided feedback as to the utility of the visualizationsgrid for DS1 shows a completeness of approximately 75%. DS2 and DS3 are roughly
air-step pattern demonstrating gaps in the data.
Fig. 7. Gradient completion grids for hospitals 1 and 2 from the DS1 dataset. In H1 and H2 the circled regions highlight noticeable differences between the two records. This
region section corresponds to the location for follow-up data possibly suggesting a difference in successful follow-ups depending on hospital.
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sequence is performed with a gradient completeness grid:
 Discriminate areas of dark and light shading intensity in the
grid. Light shading indicates data collection could be falling
behind.
 In the web application, hover over areas of light shading to
identify the speciﬁc data variables involved.
 Identify the reason for incompleteness in these ﬁelds. (i.e. wait-
ing on a particular lab test).
 If the problem could be caused by clinical staff, or data collec-
tion methodology, determine the appropriate measure to
address the problem.
A different sequence is useful to data managers:
 Discriminate areas of dark and light shading.
 In the web application, hover over unﬁlled cells to identify spe-
ciﬁc variables that are missing.
 Determine if a pattern is present that indicates redundant ﬁelds
or needs to redesign the database structure.
 Decide on appropriate actions to modify the database after con-
ferring with investigator and other research staff.
Variations of these sequences become part of the trial workﬂow
and provide ways to concretely conceptualize the progress of the
trial.3.1. Binary completeness grids
For each dataset, the collection of binary completeness grids
revealed records with different patterns that corresponded to var-
ious record states. For example, Fig. 5a shows a record from the
DS1 dataset in which follow-up data for the subject had been col-
lected while Fig. 5b shows a record from the same dataset in which
follow-up data had not yet been collected. The boxes with the dot-
ted lines in these ﬁgures highlight the areas where differences
were found. Fig. 5c illustrates a record in which most of the data
was missing. Upon investigating this and similar cases we found
that the records indicated patients who withdrew from the study,
but whose records were not purged from the database. We imple-
mented database management rules to check for and remove these
types of cases from the database. In other instances the records
were test cases created during the prototyping of the database that
had not been removed.The DS2 and DS3 datasets displayed similar results; different
image patterns designated varied record states. For example the
BCGs for the DS3 dataset supported suspicions that members in
the population for which this data was collected often do not
attend follow up visits, and this was apparent because the bottom
eighth of many of the BCGs indicated missing data. Furthermore,
we suspected that data collection for several of the subjects in
the dataset was behind schedule, but that number was not quanti-
ﬁed. The completeness grids gave a clear indication of how many
and which patients had signiﬁcant gaps so we could prioritize data
collection and data entry for those cases.
BCG images generated for a dataset can be opened in a thumb-
nail preview window to facilitate easy scrolling and comparison of
datasets.3.2. Gradient completeness grids
Gradient completeness grids were created for each of the three
datasets and several subsets of the DS1 and DS2 datasets. Fig. 6
depicts the summary images provided by the GCGs for each data-
set. The DS1 dataset is approximately 75% complete while the DS2
and DS3 datasets are less complete at roughly 20% and 50% respec-
tively. Furthermore, the lower half of the DS3 dataset exhibits a
repeating stair-step pattern of gaps between sections of the record.
The ﬁelds in this section of the dataset were for treatments the
patient could have received. If the patient did not receive the treat-
ments, a data value of N/A should have been entered, but was not.
This could have been an oversight on the part of the data entry staff
or a case of delaying entry until later in the study.
Gradient completeness grids for the DS1 dataset for each hospi-
tal revealed differences between the record states for some hospi-
tals. The circled region for H1 in Fig. 7 shows that most of the
follow-up data has been collected for patients from that hospital
while the same region in H2 shows a signiﬁcant amount of follow
up data for patients in another hospital has not been collected.
After investigating, we determined this was because the hospitals
with more missing follow-ups had subjects who were enrolled in
the last year of the study. Later enrollment for these subjects
meant the follow up visits scheduled for these patients had not
yet occurred and it was appropriate for that section of the data
to be missing.
Study of the DS2 GCG, which was from a single-site longitudinal
study, revealed that the dataset had a signiﬁcant number of empty
ﬁelds. Further inspection revealed the sparseness was due to the
database design. We collected data over a period of six years and
Fig. 8. File explorer window in preview mode. BCGs can serve as observation ‘‘thumbnails’’ to aid in the visualization of data completeness.
R.R. Kelley et al. / Journal of Biomedical Informatics 54 (2015) 337–344 343each participant occupied a full data record even though some of
them had only entered the study within the last two years. Conse-
quently, data ﬁelds for visits prior to their enrollment were empty.
The database was designed to have space for up to twelve visits per
year; in reality, patients had at most four so the extra ﬁelds were
unnecessary and only complicated exploring the dataset with data
management tools. Based on the results of our work, we are rede-
signing the database for the DS2 study to reduce the sparseness in
the dataset, which will simplify data analysis.
4. Discussion
4.1. Beneﬁts
Generating completeness grids for each of the three datasets
provided the knowledge necessary to make several improvements
to our process of gathering and storing clinical data. An important
strength of the completeness grid is its ﬂexibility, as it is not linkedto a speciﬁc database design and takes data exported in a common
format as input. This gives a user complete control of the dataset or
subsets they wish to see. The simplicity of the algorithm makes it
straightforward to implement, and it applies to any two-dimen-
sional dataset.
Binary completeness grids are more effective when they can be
visualized side by side in large groups. After generating the BCG
images this can be done with a typical ﬁle explorer window set to
previewﬁle contents. Fig. 8 shows a ﬁlewindowwith the BCGs from
DS2. Naming the ﬁlename for the image with the observation ID
facilitates easy cross-referencing of the image with observation
data.
The gradient completion grids could be very effective at visualiz-
ing extracted EHR data to determine the percentage of patients in
the database that might be eligible for clinical trials. The web tool
would be especially suited for this, as themouse-over tooltip imme-
diately provides the name of the variable ﬁeld along with the per-
centage of records in the dataset for which the ﬁeld is present.
344 R.R. Kelley et al. / Journal of Biomedical Informatics 54 (2015) 337–344The grids are also useful for variables that take time to receive.
As we mentioned, follow-up data will generally be left blank until
it is available. However, the results of lab tests are also often ﬁelds
of a dataset, and will be left blank to ﬁll in later because of the time
needed to run the test and receive the result. Depending on the cir-
cumstances, a lab test could have never been run or the results not
entered, and in either case the completeness grid helps draw atten-
tion to this.4.2. Limitations and future directions
Completeness grids must be sized large enough to enable the
viewer to distinguish between individual pixels. This is especially
important for the web-application because each data symbol is a
target for a mouse tooltip that provides additional information.
The datasets used in our experiments are modest in size; larger
datasets may present some challenges on small screens. Also, visu-
ally scanning over binary completeness grids is more difﬁcult
when there are thousands of records.
Dramatic differences in records, such as those that are mostly
empty compared to surrounding records, are easy to spot, but more
subtle differences such as small blocks of missing data require
careful observation. In these cases, it might be beneﬁcial to employ
additional algorithms to detect these differences and provide
visual cues to direct the users attention to them. One possibility
is using image-processing techniques to ﬁlter large groups of
observations into smaller similar groups; these types of
approaches will increase the processing time for a dataset.
In the web application, generating gradient completeness grids
for large datasets with several thousand observations or variables
may take unacceptably long times to load. Breaking the visualiza-
tion of large blocks into quickly rendered sub-blocks would be a
useful capability to add to the system.
Currently, only completeness is being visualized. Other data
quality dimensions such as outliers or subsets of a speciﬁc observa-
tion could provide additional insights. Also, the algorithms are cur-
rently executed on exported data, but they could be applied to a
live database, showing real time visualization of data as it is
entered. This may reveal additional patterns about data entry
and storage, and would be more useful as a data-monitoring tool
for ongoing clinical trials.5. Conclusions
Assessing data completeness in clinical research datasets is an
important aspect of data quality management. Binary and gradient
completeness grids provide a convenient visualization of data com-
pleteness for both individual records and aggregated data for either
a subset or entire dataset. The algorithms are simple to implement
and ﬂexible, allowing for complex visualizations. Furthermore,
they can be used as stand-alone tools or integrated into a larger
data quality framework as necessary.Acknowledgments
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